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Introduction
Productive knowledge and innovation are major determinants of economic prosperity. This hypothesis was theoretically formulated in the "new" growth theory, see e.g. Barro and Sala-i-Martin (2004) . In these models growth is often fostered by knowledge spillovers, which lead to a widespread acceptance of subsidies to support research activity. For these subsidies to operate efficiently they should be directed towards an appropriate spillover channel. However, until now it is not completely understood which carriers of spillovers are important. We contribute to this literature by analyzing a largely neglected channel, spillovers through outsourcing relationships.
The concept of linkages between firms and industries as determinants of productivity spillovers goes back to the seminal work by Balassa (1961) . Brown and Conrad (1967) used the input-output table to measure the "closeness" of industries, while knowledge spillovers due to the exchange of goods have been identified by Griliches (1979) .
In recent years the static optimization of a firm's sourcing decision has been analyzed for the closed economy by Grossman and Helpman (2002) and for the open economy and heterogeneous firms by Antràs and Helpman (2004) .
In the tradition of the literature estimating the "knowledge production function" (KPF) we formulate a model in which the outsourcing of intermediate goods production to other firms is a source of knowledge spillovers. These spillovers depend on the knowledge stock already acquired in an industry and occur between and within industries. Our estimation procedure is in line with the literature on the KPF that originated from Griliches (1979) and Griliches and Pakes (1984) which focuses on regional spillovers rather than on domestic spillovers through the intermediate products channel. To simplify the analysis we assume the outsourcing pattern to be exogenously given in a way that matches the actually observed input-output data. Given this idea we perform an empirical test of our hypothesis that firms are more innovative if they engage more in the exchange of intermediate inputs with other innovative firms.
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The modeling of spillovers due to usage of intermediate goods is also used by Badinger and Egger (2008) who estimate intra-and inter-industry spillovers with industry-level data of 15 manufacturing sectors and 13 OECD countries. They find evidence that intra-industry spillovers are usually larger than inter-industry effects. Javorcik (2004) uses a different approach without using spatial econometrics. She finds evidence of backward spillovers from international firms located in Lithuania to their upstream contractors.
We find forward spillovers to be strong: A one unit increase in the patent stock of all firms that deliver intermediate inputs to a specific firm, raises annual patent output of this firm by 0.43 percent. Of these forward spillovers, those between industries are substantially more important than intra-industry spillovers. For backward spillovers we only estimate a semi-elasticity of 0.15, which does not differ significantly between inter-industry and intra-industry spillovers.
The remainder of the paper is organized as follows. In section 2, we motivate our hypothesis of the beneficial effect of outsourcing-driven knowledge spillovers. Section 3 describes the data that we use, while section 4 explains the estimation technique.
Section 5 presents and discusses our obtained results and section 6 concludes.
Knowledge capital and sector linkages
The theoretical foundation for our empirical analysis fcomes from the well-established literature of endogenous technological change and from the knowledge production function (KPF) literature. In these models R&D efforts typically expand the variety of inputs, which allows for an increase in the division of labor, thus raising productivity.
This type of process innovation is based on the idea of Young (1928) and was first established by Romer (1987 Romer ( , 1990 , or in an alternative interpretation as product innovation by Grossman and Helpman (1991a,b) .
2 Coe and Helpman (1995) integrated the concept of the KPF in a product variety endogenous growth model framework.
In this model, the number of newly developed blueprintsṅ i is a function of labor input L R i , input coefficient a, and some stock of knowledge capital K i :
A similar equation is estimated, amongst others, by Eaton and Kortum (1996) . In this model, a high level of imports from an innovative economy has a positive effect on domestic patenting activity. A collection of further popular papers estimating the KPF is listed in table 1. This compilation is far from complete, but should give a representative picture of how diverse the approaches are in the specification of the economic model, the resulting estimation equations, the choice of the estimation method and the considered types of spillovers.
2 Good representations of these so called product variety endogenous growth models can be found in Aghion and Howitt (2009, Ch. 3) or in Acemoglu (2009, Ch. 15) .
Article, data type, and base model Estimation method, spillover type, and base equation for estimation of knowledge production function Jaffe, A.B. (1989) , panel data, modified Cobb-Douglas model 3-equation simultaneous system and some IV-specifications, regional spillovers from universities to enterprises
Acs, Z.J., D.B. Audretsch and M. Feldman (1992) , panel data, modified Cobb-Douglas model OLS, regional spillovers from universities to enterprises
Eaton, J. and S. Kortum (1996) , cross-section, equations are motivated from a Grossman and Helpman (1991a) type endogenous growth model Simultaneous estimation of the patent equation, the growth equation and the relative productivity level equation by two-step feasible generalized non-linear least squares, spillovers from one country to another influenced by geographical distance, level of human capital in adopting country and imports relative to GNP
Acs, Z.J., L. Anselin and A. Varga (2002) , cross-section, modified CobbDouglas model OLS, regional spillovers from local R&D staff and from local university research expenditures to innovative activity Bottazzi, L. and G. Peri (2003) , panel data, Romer (1990) type endogenous growth model OLS and IV, regional distance weighted R&D spillovers
Moreno, R., R. Paci and S. Usai (2005) , panel data, modified CobbDouglas model Spatial econometrics, regional spillovers from innovation in other regions to innovation in the observed region as well as regional spillovers from R&D investments
Article, data type, and base model Estimation method, spillover type, and base equation for estimation of knowledge production function Zucker, L.G. et al. (2007) , panel data, model not motivated Random effects Poisson, regional spillovers from universities, firms, government and other patent stocks to new patents Romer (1990) type endogenous growth models Robust OLS, no spillovers m-specific part of productivity of researchers
The theoretical structure of our paper is most closely related to Eaton and Kortum (1996) . However, their study analyzes spillovers due to trade between countries, while our paper focuses on spillovers between firms. This focus on firm as We provide this missing link in the literature by estimating a knowledge production function with a focus on spillovers through trade of intermediate inputs. Importantly, our data on firm-specific patent activity is key for this type of analysis. A relationship where the stock of patent blueprints in each firm has a positive impact on innovative activity of one firm can be formulated as:
where n j is the stock of blueprints of firm j and w ij is the weight that is attributed to Table 2 
The estimation technique
Spatial econometrics is designed to analyze whether endogenous variables are not only influenced by corresponding exogenous variables, but whether there is some kind of interaction across observations. This interaction might come (1) as a direct influence of the endogenous variables of one observation on the endogenous variables of other observations; (2) as a mutual interdependence of the error terms; or (3) as an influence of the exogenous variables of one observation on the endogenous variables of other observations. Equations which are specified to determine the strength of interactions as described in (1) and (2) should not be estimated with standard regression techniques, as left-hand side and right-hand side variables are simultaneously determined. Instead, a specification as in (1) should be estimated using a spatial lag model, while a spatial error model should be used to estimate a specification as in (2).
However, the interaction that we want to identify is characterized as in (3). The weighted patent stock of other firms is an exogenous variable which influences patent output in a certain firm. The reason is that the existing patent stock is determined already in the past. We do not use discounting of past patent activity, so that patents from all years have a weight of one in the construction of a firm's patent stock. 4 The exogeneity of the spatially lagged variable implies that we do not need to use spatial econometric techniques as outlined in the previous paragraph. Instead, we can use a standard estimation strategy. Specifically, due to the count nature of the patent data we use a Poisson model, described in more detail below.
The optimal weighting of observations cannot be determined endogenously from the estimation. This is due to the fact that with cross-sectional data the weighting matrix is a N × N matrix, where N is the number of observations in the sample. This fact renders it mathematically impossible to estimate this matrix (see for example Anselin 1988). Hence, its configuration must be guided by economic theory or intuition.
When using firms as the observational unit, inverse geographical distance between their headquarters is the most often used metric to determine the strength of interaction. However, we argue that innovation spillovers do not accrue from geographical proximity in and of itself. Instead, we believe that outsourcing relationships constitute important sources of firm-interdependence and are crucial in determining innovative activity in a firm. 
where Z kl is the element of the input-output matrix that characterizes inputs produced in sector k and used by sector l, M j is the volume of intermediate inputs used by firm j, and L describes the set of firms that operate in sector l. Hence, 
where Z lk is the element of the input-output matrix that characterizes inputs produced in sector l and used by sector k, R j is the revenue of firm j, and L describes the set of firms that operate in sector l. Consequently, the first term We assume that spillovers from a firm's own patent stock have a different influence on current patent activity than spillovers from other firms' patent stocks. Thus, we include each firm's own patents as additional explanatory variable in the regression.
Indeed we will find a high degree of autocorrelation in patenting activity.
Apart from their past innovation experience, firms differ with respect to other observable characteristics. Following the specification by Coe and Helpman (1995) introduced in Equation (1) it is necessary to control for the number of researchers in each firm. Since we do not have data on the composition of workers available we use the stock of employees and the annual capital depreciation in 2007 to control for the capital stock. This allows us capture all differences between firms which come from their size or their capital-labor ratios, which are highly correlated with research activity. The stock of employees, as well as the capital depreciation, are used in natural logarithms. As additional control variables we use the location of the firm on NUTS 1 level, legal structure, and decade of incorporation (respectively century of incorporation for companies established before 1900). The estimated equation can be written as:
with
where p i patent applications of firm i, P i is the patent stock of firm i, j =i w ij P j is the weighted patent stock of all other firms j, L i is the log of firm employees, K i is the log of depreciations in the firm's balance sheet as proxy for the capital stock, X is a vector of controls, including dummies for a company's legal form, decade of incorporation, and NUTS 1 location ("Bundesland") as outlined above.
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5 A detailed derivation of this type of estimation equation can be found in Eaton and Kortum (1996) or in the technical appendix of Bottazzi and Peri (2002) .
Results
We estimate six different specifications of the model presented in the previous section.
The results of these estimations are presented in table 4. All estimations include the control variables outlined above but we do not report all of the coefficients.
The accumulated stock of patents in a firm always positively influences the number of new patents. The estimated coefficient is always significant and in the range between 0.82 and 0.90. This indicates that past innovation is a very good predictor for future innovation. Moreover, we see that the coefficient for employees is positive and significant in all specifications. The estimated coefficient remains surprisingly constant throughout the six columns. This positive coefficient is likely to capture a scale effect from larger firm size. On the other hand, the coefficient for capital is always insignificant. This is evidence that the capital-to-labor ratio does not play a crucial role in the determination of innovative activity.
In the first column we investigate the strength of backward spillovers between firms.
We find a positive and significant coefficient of 0.151 which indicates that firms that Table 4 . Estimation results from firms that produce intermediate inputs to the firms that purchase those inputs to use them in their production process. The estimated coefficient of 0.430 indicates that these forward spillovers are three times more important than backward spillovers.
We now perform the same exercise as above, splitting up the weighting matrix into one that only accounts for intra-industry trade and one that only accounts for interindustry trade. The results presented in column (4) show that inter-industry forward spillovers are substantially more important than intra-industry forward spillovers.
In column (5) we only compare the strength of backward inter-industry spillovers and forward inter-industry spillovers, ignoring the impact of intra-industry spillovers.
The resulting pattern is as expected, given the results from column (2) and (4). For-ward inter-industry spillovers are substantially stronger than backward inter-industry spillovers. Adding a weighting matrix that accounts only for intra-industry spillovers in column (6) yields an insignificant coefficient for these types of spillovers. This is evidence for the hypothesis that indeed inter-industry spillovers are more important than intra-industry spillovers. Keller (1998) showed that much of the innovation spillover coefficient in Coe and Helpman (1995) could be explained by random weighting matrices. In order to control for a similar problem we perform robustness checks in which we randomly shuffle the elements of each weighting matrix and repeat the estimation procedure 50,000 times.
This strategy yields coefficient estimates that are normally distributed with mean zero.
Only a very small share of the estimated coefficients is comparable in size to the estimates we obtain with our weighting matrix as mandated by trade in intermediate inputs.
Conclusion
In this paper we analyze how intermediate goods procurement relationships can predict the flow of knowledge between industries in Germany. We find evidence that knowledge spillovers do exist and that input-output tables are a good indicator for them.
Differentiating between intra-industry and inter-industry spillovers our estimations
show that intra-industry spillovers have no explicative power as soon as we take interindustry spillovers into account. Using a second dimension of differentiation, the one between forward and backward spillovers, it turns out that forward spillovers seem to be more important than backward spillovers. This result holds when we estimate effects for the more important inter-industry spillovers only or if we account for interand intra-industry spillovers jointly.
6 Results are available from the authors upon request.
Sectoral patenting activity
CPA (2002) Table 5 . List of sectors, firms, and their patenting activity.
